IMPORTANCE Attention-deficit/hyperactivity disorder (ADHD) is conceptualized as a neurodevelopmental disorder that is strongly heritable. However, to our knowledge, no study to date has examined the genetic and environmental influences explaining interindividual differences in the developmental course of ADHD symptoms from childhood to adolescence (ie, systematic decreases or increases with age). The reason ADHD symptoms persist in some children but decline in others is an important concern, with implications for prognosis and interventions.
A ttention-deficit/hyperactivity disorder (ADHD) is conceptualized as a neurodevelopmental disorder 1-3 under substantial genetic influences. 4, 5 However, research modeling specifically the developmental course of ADHD symptoms is rare. 2 A better understanding of the developmental course of symptoms (ie, systematic decreases or increases with age) may inform clinicians on the clinical course of the condition 6, 7 and prognosis 2, 8 ; it may also provide critical insights regarding the mechanisms underlying ADHD symptoms 2 and preventive interventions. 9 Although children experiencing a systematic decline or increase in symptoms with age show a differential long-term prognosis, 2,10,11 the origins of these interindividual differences in the developmental course of ADHD symptoms are largely unknown. 8 This study is the first, to our knowledge, to examine the respective impact of genetic and environmental influences on the developmental course of the ADHD symptom domains of hyperactivity/impulsivity and inattention, using a large population-based sample of twins followed up from childhood to adolescence.
In both clinical and population samples, the 2 symptom domains of ADHD, hyperactivity/impulsivity and inattention, have repeatedly demonstrated concurrent, predictive, and discriminant validity 1, 6, [12] [13] [14] and follow a different developmental course. 6, 7, 15 Whereas hyperactive/impulsive symptoms tend to decline steadily after early childhood, 6, [15] [16] [17] inattention symptoms, after an initial increase in early childhood, 16 tend to be stable or follow a less pronounced decline. 2, 6, 15, 18 Although these trends describe the mean change in symptoms with age, there is also substantial variation between individuals, eg, some children experience a steady decline in inattention symptoms with age, whereas symptoms persist or increase for others. 10, 19 These interindividual differences reflect more than nonsystematic transient change or random noise. For example, populationbased studies have shown that children with increasing levels of inattention were more at risk for long-term poor academic outcomes, even when controlling for baseline or mean levels of inattention. 10, 11 Interestingly, a longitudinal imaging study in a clinical sample suggested that, independent of baseline symptom severity, interindividual differences in trajectories of cerebral cortical development in childhood and adolescence are associated with a differential clinical course (ie, remission vs persistence). 8 Taken together, these findings suggest that, independent of the baseline level of ADHD symptoms, the heterogeneity between individuals in the developmental course of symptoms may be underpinned by differences in cortical trajectories and associated with differential prognosis. However, the origins of the interindividual differences in ADHD symptoms (ie, why they persist in some children but decline in others) are still largely unknown.
Behavioral genetic designs can help in addressing this question. Extant longitudinal twin studies 4, 5, 20 have shown that genetic factors are largely responsible for the stability of ADHD symptoms (ie, genetic stability) but also that new genetic factors emerge at different developmental stages (ie, genetic innovation; for instance, different genetic variants may be associated with ADHD in childhood and adulthood 9, 21, 22 ). Although the models used in these studies point toward the importance of genetic influences on the developmental course of ADHD, they focus on age-to-age change in ADHD symptoms. One approach to examine systematic long-term change in symptoms is modeling latent growth curve factors (intercept and slope). 23, 24 The mean of these factors captures the sample average in the baseline level (the intercept) and the average systematic change over time (the slope, eg, an overall linear decrease in hyperactivity symptoms). The variance of these factors captures interindividual differences in baseline level and systematic change (ie, symptoms do not decline at the same pace for all children). With the twin design, the variance of these factors as well as their covariation can be decomposed into genetic and environmental influences. Phenotypic and imaging studies 8, 10, 11 suggest that the differential prognosis associated with interindividual differences in the developmental course of ADHD symptoms cannot be entirely explained by interindividual differences in the baseline level of symptoms. Such interindividual differences in the course of symptoms may reflect specific genetic liability.
Herein, we applied genetically informative growth curve models to a population-based sample of twins to examine the respective impact of environmental and genetic influences on interindividual differences in the baseline level and the developmental course of inattention and hyperactivity/impulsivity.
Methods

Participants
Participants were drawn from the Twins Early Development Study, a longitudinal study of twin pairs recruited from population records of twin births in England and Wales between January 1, 1994, and December 31, 1996. 25 The current study sample included a total of 8395 twin pairs for whom both twins had ADHD symptoms data for at least 1 assessment between ages 8 and 16 years. Data collection at age 8 years took place between November 2002 and November 2004; data collection at age 16 years took place between February 2011 and January 2013. The study sample is fairly representative of the UK population as compared with the data obtained by the Office of National Statistics (eAppendix 1 and eTable 1 in the Supplement). Ethical authorization was given by the Institute of Psychiatry Ethics Committee. Parents were given a letter describing the general purpose of the study and written consent was required. It was made clear that participation was voluntary and participants could withdraw from the study whenever they wished.
Measures
The DSM-IV ADHD symptom subscale, taken from the Conners' Parent Rating Scales-Revised, 26 was completed by mothers to assess inattentive and hyperactive/impulsive symptoms at the following mean ages of the participants: 7.9, 11.3, 14.1, and 16.3 years. As in the DSM-IV, the measure comprised 18 items (9 for hyperactivity/impulsivity and 9 for inattention). Each item was rated on a 4-point Likert scale ranging from 0 (not at all true) to 3 (very much true), leading to final scores ranging from 0 to 18. Standardized Cronbach α across the 4 ages ranged between 0.83 and 0.85 for hyperactivity/impulsivity and 0.90 and 0.92 for inattention. These scores measure population symptoms dimensionally and not the clinical disorder.
Statistical Analysis
All analyses were conducted separately for hyperactivity/ impulsivity and inattention. All scores were regressed on sex and age prior to analyses.
A latent growth curve model was fitted to examine the developmental course of hyperactivity/impulsivity and inattention between ages 8 and 16 years. First, a phenotypic latent growth curve (ie, without genetic decomposition) was fitted to the data (detailed specifications can be found in Figure 3 of the article by Olsen and Kenny 27 ). This model was used to determine the baseline level (intercept) and the growth factors (eg, linear slope) required to account for the observed hyperactivity/impulsivity and inattention scores across time. Second, the resulting best model was modified to include the genetic and environmental influences on the growth factors. Two sets of genetic models were considered, an ACE model (A indicates additive genetic influence; C, common or shared environment; and E, nonshared environment) and an ADE model (D indicates nonadditive or dominant genetic influence, which reflects effects of interactions between alleles at the same or different loci). These models also enabled the estimation of how much of the genetic and environmental influences on the developmental course (eg, linear slope) were shared with the baseline level (ie, intercept). The residuals (variance at each time not explained by the growth factors) were also decomposed into ACE and ADE factors. 24 See eAppendix 2 in the Supplement for details on the estimation and the interpretation of ACE and ADE models.
Model Fit and Estimator
For each model, we report χ 2 , the Akaike information criterion, and additional approximate fit indexes (eTable 2 in the Supplement). 28 Full information maximum likelihood was used to deal with missing data. A maximum likelihood estimator with robust standard errors (MLR) and scaled test statistics were used to account for skewness, while 95% confidence intervals were obtained by bootstrapping (5000 repetitions). The structural equation modeling package lavaan version 0.5-16 was used for phenotypic and biometric models 29 and implemented within R software 30 version 3.02.
Results
Preliminary Analyses
Consistent with previous studies, 20, 31 we detected no differences in genetic and environmental etiologies across boys and girls for symptom scores; therefore, sex differences were not considered in subsequent multivariate analyses. Table 1 shows the number of complete monozygotic and dizygotic twin pairs and twin correlations at each age (complete descriptive statistics are shown in eTable 3 and eTable 4 in the Supplement). The monozygotic to dizygotic correlation ratios suggested that a model with additive genetic influence (ACE) was more appropriate for hyperactivity/impulsivity, whereas a model with dominance genetic effects (ADE) was more adequate for inattention (dizygotic correlations less than half of the monozygotic correlations at all ages). We fitted a standard Cholesky decomposition, as is commonly used on longitudinal data. 32 For hyperactivity/ impulsivity scores, an ACE model indeed fitted the data better (results are presented in Table 2 ; fit indices are shown in eTable 2 in the Supplement). The influence of additive genetic influences was pervasive at all ages, explaining around 80% of the total variance at each age. From a longitudinal perspective, there was evidence for both (1) genetic continuity, for instance, genetic factors explaining hyperactivity/impulsivity at age 8 years still explained 28% of the total variance at age 16 years (A1 at 16 years, Table 2 ); and (2) genetic innovation, for instance, 27% of the variance at age 16 years was independent of genetic influences at previous ages (A4 at 16 years, Table 2 ). No evidence of shared environmental influences on hyperactivity/impulsivity emerged. Nonshared environmental influences were small and largely age specific. Results for inattention ( Table 3) were different, as a model with nonadditive genetic effects fitted the data better. Between 37% and 49% of the variance at each age was explained by additive genetic influences, whereas between 28% and 42% was explained by nonadditive genetic effects.
Latent Growth Curve Models
In the phenotypic model, the score of hyperactivity/ impulsivity decreased sharply and linearly, with a 3-point de- crease from a score of 6.0 at age 8 years to a score of 2.9 at age 16 years ( Figure 1 ). An ACE model (with additive genetic influence) fitted best (eTable 2 in the Supplement). Heritability of the baseline level (intercept) of hyperactivity/impulsivity was high: 90% (95% CI, 87%-92%) of the variance was explained by additive genetic influences. Interindividual differences in the linear systematic change (slope) of hyperactivity/ impulsivity was also highly influenced genetically: 81% (95% CI, 73%-88%). Figure 1 shows that more than half of this influence was not shared with the genetic factors influencing the baseline level (ie, 44% specific to the slope and 37% shared with the intercept, summing to 81%). No shared environmental influences and little nonshared environmental influences were detected on either the intercept or the slope. Results for inattention differed in 2 ways. First, in the phenotypic model, the significant linear decline was much less pronounced, with a 1-point decrease from a score of 5.8 at age 8 years to 4.9 at age 16 years ( Figure 2 a The values presented are standardized components of variance. For instance, additive genetic influences explain 83% of the total variance at age 12 years, of which 48% comes from factor A1 that corresponds to age 8 years and 35% comes from factor A2 specific to age 12 years. Finally, a 2 + c 2 + e 2 = 1 at each age (last column). Significant paths are in bold. Table 2 for an explanation of the values. Finally, a 2 + d 2 + e 2 = 1 at each age (last column). Significant paths are in bold.
toms: the distributions of the slopes for hyperactivity/ impulsivity and inattention show that, although the slope was negative for inattention, a substantial minority of the sample had increasing levels of inattention, in contrast to hyperactivity/ impulsivity. eTable 5 in the Supplement provides additional information on children with increasing inattention. A model including nonadditive genetic variance (ADE) fitted the model better (estimates are presented in Figure 2 ; fit indices are shown in eTable 2 in the Supplement). The nonadditive genetic component (D) explained more than half of the total variance of the baseline level (55%; 95% CI, 38%-74%) and 54% (95% CI, 8%-76%) of the slope, with 35% being specific to the slope and 19% shared with the intercept, summing to 54% ( Figure 2 ). Additive genetic influences explained a substantial part of the variance of the baseline level but not of the slope. The residuals were explained by the E term, including nonshared environmental influences as well as error variance (between 21% and 45%), with the rest being explained mostly by genetic influences. Detailed results are available in eTable 6 in the Supplement.
Discussion
This study examined the etiology of interindividual differences in the baseline levels and the developmental course of inattention and hyperactive/impulsive symptoms from child-hood to adolescence. Interindividual differences in the overall decline in ADHD symptoms were explained by genetic and environmental influences that were largely distinct from those influencing the baseline level of symptoms. In addition, consistent with the literature, we found large genetic influences on ADHD symptoms with dominant and additive genetic influences for inattention symptoms and only additive genetic effects for hyperactive/impulsive symptoms. 33
Developmental Course of Inattention and Hyperactivity/Impulsivity
At the phenotypic level, our results are consistent with clinical and population-based studies showing a substantial decrease in mean levels of hyperactive/impulsive symptoms with age. 6, [15] [16] [17] As compared with hyperactivity/impulsivity, inattention symptoms have been found to follow a less pronounced decline or be stable with age. 2, 6, 15, 18 In this study, we found that the decline in inattention symptoms was significant, even though it was clearly less pronounced than for hyperactivity/impulsivity. Although compatible with the extant literature, these findings may seem at odds with some recent population-based studies reporting increasing trajectories of inattention symptoms for subgroups of children. 10, 17, 19 This apparent inconsistency stems from interindividual differences in the developmental course of symptoms, which can be illustrated by the distribution of rates of change in this study: despite the mean decline, a substantial percentage of the sample had increasing levels of inattention (eFigure in the Supplement). The age at onset of ADHD-postponed from 7 to 12 years in DSM-5-remains a controversial topic 34 and may seem somewhat arbitrary in the face of the continuous change in symptoms described here. The increase in inattention symptoms for a subset of children in the population is consistent with the emergence of late-onset predominantly inattentive clinical cases, although evidence for late-onset cases is mixed. 34 Alternatively, together with the decline in hyperactive/ impulsive symptoms, this increase in inattention is consistent with the observed shift with advancing age from combined ADHD to predominantly inattentive. 6 
Genetic Effects on the Developmental Course of ADHD Symptoms
Meta-analyses have documented cross-sectional structural brain differences (eg, in basal ganglia) between children with ADHD and typically developing children and have suggested change in ADHD-related structures with advancing age. 35,36 A recent longitudinal imaging study 8 showed that interindividual differences in cortical thinning in the cingulate gyrus and medial prefrontal cortex in childhood and adolescence were associated with the clinical course of ADHD. Specifically, thickening or minimal thinning of these cortical regions occurred exclusively among patients with ADHD whose symptoms had decreased by adulthood to a level below the di-agnosis threshold. Moreover, cortical change was independent of baseline symptom severity, revealing a specific relationship between the trajectories of cerebral cortical development in these areas and prognosis. Taken together, these and our findings suggest that the parallel developmental processes at the cortical and phenotypic levels might reflect specific genetic influences, mostly independent from those underlying the baseline status. The hypothesis of a specific genetic liability underlying both developmental processes is only one possible account for the findings and does not exclude complex explanations involving, for instance, gene-byenvironment interactions. To test this hypothesis, future research could aim to identify genetic variants associated with the developmental course of ADHD symptoms and verify how these variants associate with cortical development (ie, whether the genetic effect on the developmental course of ADHD symptoms is mediated by cortical development). Genome-wide association studies have not been successful so far in identifying specific genetic variants associated with ADHD. 4 Our results show that some of these genetic variants should be expected to predict both the baseline status and the developmental course of ADHD symptoms, whereas others would predict only the latter. In other fields, studies have already uncovered genetic variants specifically associated with age-related systematic change (eg, obesity 37 ). These studies 37-40 also demonstrated that genetic variants may remain unde- tected when systematic change is not directly modeled. As such, when characterizing ADHD phenotype for genetic studies, 41 it appears crucial to adopt a developmental perspective. Longitudinal monozygotic twin studies have shown enduring differences in ADHD symptoms and comorbidity between discordant twin pairs. 42 However, identifying specific nonshared environmental factors contributing to these long-term differences has proven challenging, consistent with the general difficulty in identifying nonshared environmental influences. [43] [44] [45] 
Limitations and Strengths
Mother ratings from childhood to adolescence constituted a coherent set of measures, which was essential to model systematic change with age. However, rater-related issues are important in twin studies and can influence heritability estimates and the type of genetic and environmental influences (eg, additive or dominant genetic effects). 5, 20, 33, 41 Furthermore, recent studies have focused on the transition from childhood to adulthood. 5, 20 Such studies present specific challenges as instruments and raters often change between childhood and adulthood. As such, although our cohort does not yet include adulthood data, it retains the following strengths: spanning a critical developmental period; distinguishing between both symptom domains (contrary to the aforementioned long-term studies); and using the same measure and the same rater throughout, which allowed us to fit a latent growth curve model. Given the common assumptions and limitations of twin models, caution must be applied when interpreting these findings (discussed further in eAppendix 2 in the Supplement). Finally, this study used dimensional measures of ADHD symptoms in a population-based sample. While this means that we captured interindividual differences across the population, our conclusions cannot be directly applied to clinical populations. The genetic etiology underlying clinical diagnoses of ADHD and ADHD symptoms in population-based samples may differ, although recent evidence points toward some overlap. 46, 47 Conclusions A sharp general linear decrease in the levels of hyperactive/ impulsive symptoms was observed from ages 8 to 16 years in this population-based sample of twins. A less pronounced decrease was observed for inattention symptoms. Important interindividual differences were detected (faster or slower decreases vs persistence, or even increases in inattention symptoms for a subset of children). These interindividual differences in the developmental course of symptoms were mostly explained by genetic influences, mostly independent from those influencing the baseline level of symptoms. Developmental models will be crucial in identifying genetic variants and specific environmental influences explaining why some children remit from ADHD, whereas others persist. The confirmation of large genetic influences on the developmental course of ADHD symptoms is important for both clinicians and patients. For clinicians, the maintenance or increase in symptoms (a decline being normative in the population) might represent a marker of vulnerability reflecting genetic liability and warrant closer follow-up. It also raises the question of the necessity to inform patients and their relatives about the higher risk of persistence in families of index cases with persistent symptoms. 
eAppendix 1. Comparison of Study Sample With Initial Sample and UK Characteristics
Twin births between 1994 and 1996 were identified through birth records by the United Kingdom Office for National Statistics. A total of 16,810 families responded to the office to acknowledge their interest in taking part in the study. A first contact with these families was made by TEDS team when the twins were about 18 months. A total of 13,722 families returned data for this first contact. eTable 1 below shows the characteristics of these respondents. Of note is that these characteristics mirror closely data from the U.K. census data, so that TEDS families appear reasonably representative of the UK population. The characteristics of the 8,395 families included in the current study sample are presented in eTable1 and match closely with first contact characteristics. The biggest difference is maternal education, with 4.6 percentage points more of mothers with A-levels of education or higher in the study sample compared to the first contact sample. Further details on the sample and measures can be found in earlier publications. [1] [2] [3] [4] 
eAppendix 2. Estimation and Interpretation of Genetic and Environmental Components in ACE and ADE Models
This section presents some background for readers unfamiliar with behavioural genetics regarding the estimation of genetic and environmental influences in the classical twin design (CTD), as well as the interpretation and limitations of twin models. There is a vast literature on the topic that cannot be summarize here. We refer the readers to the following key references for additional consideration. [7] [8] [9] [10] [11] [12] 
Estimations of ACE and ADE univariate models
Behavioural genetics take advantage of differential genetic relationships between family members to estimate genetic and environmental influences on the variance of phenotypes. In the CTD, data of monozygotic twins (assumed to share 100% of their genes) and dizygotic twins (assumed to share 50% of their segregating genes on average) are used. The estimation of the genetic and environmental components of variance is based on the relative differences of the MZ and DZ twin within pair correlations (rMZ and rDZ) for a particular phenotype.
The different components that can be estimated in the CTD are: -A, which represents additive genetic effects: the sum of the effects of the individual alleles at all loci that influence the trait. The genetic factors are assumed to correlate 1 in monozygotic twins and 0.5 in dizygotic twins (corresponding to 100% and 50% of shared genes).
-C, which represents the common or shared environment, defined as the environmental influences that make the twins reared in the same family similar. Because, by definition, the shared environment is the environment that is common between the two twins, shared environment factors correlate 1 between the two twins. C is assumed to have the same importance in monozygotic and dizygotic twins (i.e. similarity of MZ twins is not due to the fact that they share a higher proportion on environmental factors due to e.g. a more equal treatment based on their physical similarity).
-E, which represents the non-shared environment, i.e., the environment that make twins different. By definition, non-shared environmental factors are not correlated between the two twins. It is important to notice that E also includes measurement error.
-D, which represents non-additive genetic effects: the effects of the interactions of individual alleles either on the same or different loci that influence the trait. These genetic factors are assumed to correlate 1 in monozygotic twins (corresponding to 100% genes sharing) and 0.25 in dizygotic twins, based on the 25% chance of two siblings sharing 2 alleles Identical-by-Descent (alleles from the same parental origin).
A model with only additive genetic effects and E will predict an rDZ which is half the rMZ. The effects of C will increase the rDZ such that it is higher than .5*the rMZ, whereas the effects of D will decrease the expected rDZ such that it is lower than .5*rMZ. Since these situations are mutually exclusive, we cannot estimate both C and D in the CTD, but we fit the model (ACE or ADE) which is consistent with the observed correlations. When the correlations are consistent with an ACE model, we can use simple formulas to get an approximate value for A, C and E. For instance, let's assume that, for phenotype X, rMZ = .80 and rDZ = .50 the effects of A, C and E, referred to as a 2 , c 2 , and e 2 are calculated as follows: The heritability of phenotype X is said to be .60, meaning that 60% of the variance can be explained by additive genetic effects. The formula can be understood as follows: because MZ and DZ twins only differ by the proportion of genes they share, the difference between MZ and DZ correlations is due to genetic effects. This difference (.30 here) corresponds to the difference in genetic relationships in MZ and DZ (100% & 50%). Therefore, multiplying this difference by 2 approximates the whole additive genetic influence on phenotype X. Shared environmental influences on phenotype X equal 20%. The formula can be understood as follows: the reason why MZ twins are similar, which is manifested by the within pair correlation of .80, is because of genetic influences and shared environmental influences. Because we already calculated genetic influences, the shared environmental influences are therefore the rest of the correlation: rMZ minus genetic influences. Non-shared environmental influences are, by definition, what makes twin dissimilar. E is therefore calculated by subtracting the observed correlation (.80) to a perfect correlation of 1. Importantly, even if the true correlation in monozygotic twins was 1, the observed correlation would be less than 1 because of measurement error. The CTD does not enable the distinction between true non-shared environment influence and measurement error.
These simple formulas only represent an initial approximation of the genetic and environmental effects. Structural Equation Modelling software is used to compute maximum likelihood estimates of the components based on the covariances and variances of the data, taking into account missing data.
The principle of the univariate models can be extended to include two or more phenotypes such that the MZ and DZ ratio of the cross-twin cross-phenotype correlations are used to estimate the genetic and environmental origins of the correlation between two phenotypes.
ACE and ADE models and the latent growth model.
In the present study, as described in the manuscript, the first step was to estimate a phenotypic latent growth model. This model yielded two important parameters: the intercept and the slope, which represent respectively the baseline level of the phenotype and the systematic change in that phenotype over time. Each of this parameter can be decomposed in a similar fashion to what was explained above using the within pair correlations in MZ and DZ twins. For instance, for the intercept, the MZ correlation was largely superior to the DZ correlation. The same set of rules can be applied with the only difference that they are applied to a latent factor (the intercept) rather than to a simple observed variable.
In addition, as mentioned above, the univariate model can be extended to a bivariate model, which is what we did here. Instead of two observed phenotypes, we used the two latent factors (intercept and slope) but the principles remain the same. The main aim was to verify whether some of the genetic influences detected for the slope were unique to the slope or if they were shared with the intercept (i.e. the same genes underlie both the baseline level and the systematic change in symptoms with age). Again, this is similar to a model with simple observed phenotypes, for instance to verify whether the genetic factors that underlie conduct disorders also influence addictions.
Assumptions and limitations of twin models
Several assumptions of twin models, if not met, may bias the estimates of genetic and environmental influences. These are discussed in detail elsewhere. 8, 10, 11 We mention below only the ones that may influence the present results.
A first set of assumptions, if not met, can bias the size of the different components, for instance:
-Equal environment assumption. The shared environment is assumed to have the same effect in MZ and DZ twins, i.e. to make MZ and DZ twins similar to the same extent. However, it is possible that parents, for instance, will treat MZ twins in a more similar fashion than DZ twins. If this was the case, this phenomenon would unduly increase the estimate of genetic effects, i.e. shared environmental effects would be counted as genetic effects. This assumption has been tested a number of time and seems to hold reasonably well for most traits. 7 -MZ twins share 100% of their genes. Although the genetic material of MZ twins is almost identical, residual genetic differences still exist. Some important structural differences have been found in some pairs of monozygotic twins. 13, 14 If MZ twins are not 100% identical it means that some genes may contribute to differences in MZ twins. This, in turn, may underestimate genetic effects and overestimate the role of the non-shared environment. Although this is unlikely to have an effect at a population level, it cannot be excluded as yet. Of note is that genetic effects were already high in the present study, whereas the non-shared environmental influences were more limited.
Gene-environment correlations and interactions if present and not modelled may also add complexity to the interpretation of the estimates derived from twin models.
-The concept of gene-environment correlation relates to the fact that people are not randomly allocated to environment but, to a certain extent, their exposure to the environment varies according to the genetic make-up of their parents (passive rGE) or their own genetic make-up (active rGE). For instance, the behaviour of a hyperactive child may evoke harsh reactions from his/her parents. As such, the adverse environment -here harsh parenting -is partly dependent on the child's behaviour, which is itself partly dependent on his genetic make-up. Active rGE also explains why a lot of environmental measures are found to be heritable in genetically informative studies (e.g. life events like divorce). This does not obviously mean that genes have a direct physiological effects on these environments but rather that exposure to these environment is influenced by genes. The effects of un-modelled gene-environment correlations are included in the A parameter in the ACE model. However, this does not mean that genetic effects are overestimated but rather that some genetic effects included in the A are direct whereas others are indirect. For instance, some genetic variants have been shown to be associated with smoking severity. As such, these genetic variants have an effect on an environmental exposure, i.e. smoking severity. In turn, smoking causes lung cancer. When examining the heritability of lung cancer, the effect of those genes will be taken into account in the genetic estimate. However, these genetic variants do not affect the physiology of lung cells in a direct fashion, which is shown by the fact that they are not associated with cancer in nonsmoking patient. Instead, they increase an environmental exposure that, in turn, causes cancer. In this case, the effect of these genetic variants is correctly classified in genetic effects as the ultimate origin of the cascade of events leading to cancer is genetic. However, the proximal cause of the cancer is rather environmental in origins. The twin model cannot distinguish between these genetic effects without measuring environmental factors that lie on the pathway from genes to phenotype. As such, it is important to keep in mind that part of the genetic effects detected in the present study may follow this indirect pattern of influence.
-Gene-environment interactions relate to the fact that sometimes the expression of genetic effects depend on the environmental exposure. For instance, susceptibility to skin cancer can be partly genetic in origin. However, these genetic variants will not express if there is no sufficient exposure to the sun, i.e. if the environmental exposure is not present. In other words, if only one factor -genes or the environment -is present, the disease will not manifest but it will if both of them are. Gene-environment interactions, if present and unmodelled, end up being represented in either genetic (A) or non-shared environment (E) estimates. If the interaction of genetic effects is with the non-shared environment (E), this will inflate the E estimate. Conversely, interactions of genetic influences with the shared environment (C), will inflate the genetic (A) estimate. Although these interaction effects cannot be modelled in the classical twin design, other methods can give us a sense of their existence and if the assumption of additivity of A, C and E is reasonable or not.
In spite of their limitations, twin models, together with other designs in quantitative genetics, can still give us invaluable information on the genetic and environmental architecture of phenotypes and represent a helpful starting point for limiting the problem space when searching for likely developmental mechanisms (for a recent review, see 8 ). This is all the more the case as many of the aforementioned assumptions and limitations can be addressed by using complementary research designs (including the DNA-based estimates of heritability based on Genome-Wide Complex Trait Analysis 15 Note. 1 Hedges g (an equivalent of Cohen d for unequal sample sizes) was used for socioeconomic status. For other variables a phi-coefficient is presented. See eTable 1 for an explanation of the first four variables. The General Certificate of Secondary Education (GCSE) is taken by more than 99% of pupils at the end of compulsory education, which is typically around the age of 16 years. English, mathematics and science are compulsory subjects. The grades were coded from 11 (the highest grade) to 4 (the lowest pass grade). G is a standardized score of general cognitive ability that was assessed at each age using a battery of parent-administered and phone-and web-based tests. At each testing age, individuals completed at least two ability tests, which assessed verbal and non-verbal intelligence. For additional details on these measures, see 17, 18 . Results for the Conners inattention scale rated by teachers instead of mothers are also presented.
Comment: eTable 5 provides additional information on children with increasing inattention represented in eFigure 1 above. These children differed very little from other children on sex, ethnicity, maternal education and maternal employment, although they were slightly more likely to be males and to have less educated mothers. However, at the end of the follow-up, they had significantly lower educational achievement, as measured by GCSE at age 16 years. In addition, while they did not differ on general cognitive abilities at baseline, differences widened with age and very significant differences between the two groups were observed after age 12 years. These differences seem consistent with the existence of specific developmental processes that become evident with advancing age and concern inattention as well as other cognitive characteristics. Finally, the score on the Conners inattention scale rated by teachers at age 14 years was higher for children with increasing inattention.
The results presented in eTable 5 are presented for descriptive purposes and caution should be applied when interpreting them. A latent growth model was used to model systematic change in a dimensional score of inattention. Systematic change -here the slope of inattention -was therefore modelled in a continuous fashion as represented in eFigure 1.
Consequently, separating the sample into two sub-groups following different developmental trajectories based on the slope value is arbitrary as it cuts in a continuous distribution (here below and above 0). In addition, such a cut-off based on the slope does not take into account the baseline values (i.e. the intercept) to constitute the groups. Although outside the scope of the present study, more appropriate methods can be applied to examine sub-groups following different developmental trajectories. 19 
